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Abstract Spiking Neural Network (SNN) contain neurons with sequential dynamics, synapses with plastic
stability, and circuits with specific cognitive functions. SNN is biologically-plausible and can be tuned by
integrating local-scale unsupervised learning rules (e.g., Spike Timing-Dependent Plasticity, Short-Term
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Plasticity, local equilibrium adjustment of membrane potential) and global-scale weak-supervised learning rules
(e.g., dopamine-based reward learning, energy-based learning). Hence, it is powerful on spatially-temporal
information representation, asynchronous processing of event-based information, and self-organized learning
with dynamic topologies. SNN belongs to cross-discipline research areas of brain science and computer science.
Hence, the research on it can be divided into two main types. One type is designed to understand better the
biological system, where detailed biologically-realistic neural models are used without further consideration of
computational efficiency. The other type is constructed to pursue superior computational performance, where
only limited features of SNN are retained, and some efficient but not biologically-plausible tuning methods are
still used, such as different versions of backpropagation. A detailed analysis of the research advances and model
characteristics of these two types of efforts is given, including the following aspects: Firstly, the multi-type
information encoding at neuronal scales is given, with event-based signal processing characteristics; Secondly,
the multi-scale sparseness of network structures is defined with different subtypes of network motifs; Thirdly, the
self-organized computation is shown at multi-scale clocks, from micro-scale at neurons (or synapses) to
macro-scale at circuits; Fourthly, some vital functional characteristics of SNN are introduced, including
energy-efficient computation (with spikes and learning rules) and robust computation (e.g., anti-environmental
noises); Fifthly, the integration of SNN with neuromorphic hardware is shown for efficient non-Von-Neumann
computation. After that, we will introduce a biologically-plausible strategy for well-tuning SNN by integrating
multi-scale and multi-type plasticity rules inspired by natural neural networks and fine-tuning processes of
state-of-the-art ANNSs. This strategy provides an alternative effort for the efficient credit assignment for SNN,
covering the whole network neurons, from readout, locally-hidden, to input neurons. It also gives us hints on
answering the critical question, i.e., how biological neural networks can handle global network-tuning problems
by integrating different types of local plasticity rules. These integrative principles will give SNN a possibly right
tuning direction towards efficiently cognitive computation. Simultaneously, the success of SNN will also give
inspirations back to the findings of new plasticity rules in natural neural networks. We think the goal of SNN is
not just working as a biological candidate of ANNs, but constructing a new generation of effective
artificial-intelligence models with characteristics of biologically-plausible cognitive computation by integrating
theoretical breakthroughs in biology-inspired multi-scale plasticity principles, towards the faster learning
convergence, the lower energy cost, the stronger adaptability, the higher robust computation, and also the better
interpretability.
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W2 (R e AP . FE A5 B0 a R AR 25 R
Vakiie i IE

TEG DX AN, A4 2% ELA B S5 1 43 X 43 B
PR AR B o A R DX 2 TP % oy MR A0 i
KRR, MEMX S5 B [E D) Re s ARG,
e 0 105 X P15 5 B R LA L I X A A
AL T 1) 2 IS BRI 5 .

2] P S S IAR AN L R N EZSTH A P R
EEESZN N YN N VAT 3 o= SN v e
W A 45 Ik e o 0 I 28 7 DR FE AN [R) RUFE A 5 Bk A2
SE D REMIFEA b, [F B PO R Rz AR
WHLE SR TT
2.7 INERIESR AR T I B

RIS L5 BARBERLR 00 7 — DL 2
PN T4 (U DNN %) 1E7E 32 81 T bR K
L (R ERR AR, 0™ SR ARV AR T M 2% Bk 1
UL SR B2 2 A DL AR8, A 2 AR AN
1E55 R IR MEA L S 3 BUR LA B9, i — 4Lt B
PR SR bR BT B0 45 1 W 4 1k 22 000 AR I
5L A SR8 HAR 5 3 BURKEVE 18 ] 6

TR PEE X 485 ORI S8 FEAS IR R A R AR
B2 B ARBE A I I LRI 2% B A T U & A
FENFIAK RO BEAR, PRI 5y A A i 5 B AR B0 3
2R, WK R AR SUN SO I Fr AR s P B
WAL, 5@ i A B B 26 T R e A
R T3 YK 2 B IR P = 2] I 251981, om0 T~
FLEAAEA AR GE AR A IR Y Bl 1020, BB R
SR Ly 204

k22 2% 12 22 7 T e HAHXS DN B ey
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W EFRRRE . kb REZAE BREG TS R
bt BEmADAE, 5S4 SNN HHAHE S E
B, NS 5 Bk BE ML TS 520 855 8 75 BT 2 i (15, 48,
651, SNN H [ 2 Fh ] B2 2] 400K, RIS 28 AN
BN IS EIRGL, B SNN A F—
SR Bl 1 AR, TR L R S e A o R 2%
)R A A By (FF 22 142 2 R U4 17 I B (] 40
) W INE A, — RE i XA G TR FE 2 S X 4%

FOIMANEYPARIZIR I 2K, B R B3I T
PAT R IR 7 e e 0881, g I PR A A B 2
WY, e PR AL T G & AT RER (S B AR
SERAL RBET, XA EVER T Possion JiH
HRMIAEENE, NEMRGHRRSYERHME 7
TR HIE VNI B ARRE, X £ I 48R 7 T30
St T R BE IR .

LA LRI Hi— N T PRI
(Natural Neural Network) (Deep Neural Network)
A R (EEHO 3’“%)\*%7‘?‘5( N
S S 4 E IR (BP) L
- T (R RS RILE K e & HERfEH (TP) =
AT e [l e ) 4% FiE b,
i W!‘Ifli-f&'{rﬁ (SBP) <_ (Spiking Neural Network)
1w (e by ka1 1151
o A NUV Y IC. Al
FJ%APLET6. STDP. STPI MBI R | Ciffese. Hals. mek  iExE #iEFR 2. Dropout
TR FEfBAEIE . ML fitH—1k o

P4 Jkfaeh 2 0 208 FH -5 S R DN IR PR 28 I 2% (RO 7R 2 O I A0l — AR A e

HRER B N T AL R 2% B 206 IR 2 44
ST AT RENA A A SR IR e O BE, R UL,
A E M SR R NS R, KN
LA N T REAR AL 52 =y HA KN e J) F8 B —Fhn] R
M ERATT ), B AT L £ T 5 oK (1 54 B
ERE. NAE TR HIE N SRR
2.8 FMA B ARRMAIMRZ N ERMAE

WA 4 Fios, Bkeb a2 /o2 m@ad 4
V) 2 G5 1) 22 NP AT BB AT DA B 22 Wi o 22 X
AT, BRI ERE . SRR
L VBRI E L RS R, N EZFERL
LA, B2 5 F12% . STDP. STP 4,
AR SBP. MUFME] . MLKEh 2%, EMZ
Bl 2R 1%, 5N T BP. TP, B,
BUE AR NLRE, 256 SRDURAEFE. H418L.
EE AR EARIRE R ARN R R A,
R A AL AR 1 — DR R

3 BhHEZME S BMRIER

U] i R LAL B2 2% R B e o 22 X 2 A T
SRR SR E AL HARA DT SORSE DAL H AR A
T A R ZA . BAh, R S0RF SNN 5
HEZAVL B th IS 1 HRIE I & e, 79 SNN )
DA BRIV L S S0 1 R A St

3.1 LUIERREMIZR G A BEFRR SNN LR

DABIRAED) R G w4 Bbn, RAMIA T
TRER AT RERH L AR A R R R, Wik
BF A X3 (STDP) [80-32,44, 68,691 4 ik 2
Al A (STP) 281, i & ol #1 i) ( Lateral
inhibition) [0, Dale N C[Fl—ANEE ol 5 ik
HRAHE, FABUE RV IESF 5, HAATAH
FEH) L7200 A 0 P37, B
AR 05 76, W) A SR AR ZE AR
(SBP) 2771 Hipfe#k (TP) 8.7, K ik
AEMI A R AR RS . TR 22 AR VI GUR K
(2 STRRUDIN N B SNIN 22 STHEZE ok, DL2%tik
SNN E AN NEK I 2 B E B AL B )
RAEREISERE 1. B AIIRE 125,

TEACAZINFI I B A 7 TR, Zenke ZHA T ZF0
PO A2 mT ¥EPERR I, 2 Hebb U], =4H STDP.
I PP 0 SR i 5 RSB L A SR R 2 Ak v
P, I HEBIEIRT SNN ML, KR H-FR
Jy-JC . (Leaky-Integrated and Fire, LIF) #1427z
B EAT AR, SEI T 2 T SRR G 1) 7 T Al
1%, 2N ZE R0 LR T RN ETE A . 05
(RRAE B 5 AT A AL IZ I, 7800 R
T SNN 15 BAFHLRE Fy70,

T2 ANFIAT S B0 7 T, /DN 5 A @ it 6o
MAFPEAINFIERI L TR SNN PR 5 A5
B, NEF ZUZERARUE S AT T S,
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WA, Yo TAEICAZARRE . W2 Ae e FE Ak
HLAE, 1% TAEYE A v BELE A WURH 22 ML A= 4 34 e
IR fRE b 4% B A T,

TE RN B2 2 s AU T T, 3% [ AR e e
Jeff Hawkins 183 % K i 6 J2 ki 52 2 IR A [ 25 1) 5%
RINEVFREN G R M, M 7RI R JZ 1 77
JZI R 2458 (Hierarchical Temporal Memory,
HTM) ik . HTM BAA] DLEE S P A 2 2 ik
WL AR FR, NI e E A5 Bl ORI S 73
WAL R ek . BoprrvElltr Bor, 5K
FEIHICIZM 4% (Long Short-Term Memory, LSTM)
AT 14534 5.0 (Gated Recurrent Units, GRU)AH
EC: EARREI I P FUIAES5 R, HTM AU A 14
AR 35 S i 2 T AE B8 22 i TH SIS RJE80); - SR
TE S H RIS T, HTM 98 v] LUE B R
RAEBL 82, A LUE H, AE AR A S
JE W D REAT S5 VL BLE N A 2 KAERI HTM B
R KA

fELL STDP A+ 123 A5 B AL BEJT i, Diehl
SR SNN 2% DL K LIF #2 oz, AHATE
TR AR E STDP (15 20k AT 2% > it
FENZRET B, Mt 2= Bhade tHOREHRr € Rl A AS
RIS M T PR A R 8 20 R 22 T A DR E R
Frice 7EMAM B, @St brid i ok A
Wi A\AS B0 o 12T IETE MNIST £di 45 T LA
1521 95% IR IEf 2R3, 1% TAE f5 Sl dh 84
WIRTT Y 96.7%IERGZE, sl fE i | —Fhfh &
2 Fofrfoet 28 ] SR A 22 EL g AT ) )k e 0 % A
SOV, RIS S 2 R
XIFR STDP RAMAUE YV — A, 2 1 i i B 55
¢ 1 I ) 5 A A\ PR S OB ) B A 2 T
EAITHCR, SRARIMAREBER. BXBIXHZ
JZ4EM STDP. {5 BB EETHHTT =, SRATAH
NG B UG #AT B A WA B 225, IRAE
IS T EBRHEE, FRMII N — AL
S B PAN SRR R RALAE,  SEI A B RAE
K. WICBIHE R A STDP A g 4K 2% =)
Reward-STDP SR & ikFE T PyTorch K2
SNN, ZM %A EREEH, KM HRmETT
FE MNIST 44 Bk BT 97.2%(1 IEH %

FELL STDP NI A5 A BT, 183

_ https://numenta.org/hierarchical-temporal-memory/

A H JE T S5/ . STDP AEN BSR4 10
SNN AT AL AR TE F R, 25 ANk & U
[ Zwbd, HiE G R EO K 8], B ARG,
AV E Bk PEREDURSESF &, WAE TIDIGITS
FRUERCT I S B AR o R HEih 218 ) 97.5%.

7 Dale #EN [y 25 L4 J51H, Wade $&H T —
F3ET BCM(Bienenstock Cooper Munro) A1 STDP
FHES & I RAMSUE SR TR, FR458 2w A4
i S ik, AR 2 AH B G M S A K] SNN
BEAFR o REE R WfE Iris RS (BE 3 Fh
ANFIZEA PSS A 50 MEAD ik #| T 95%1)
1EHf%e, HAE Wisconsin i i2 Wi B S & A 2
T 96% IETfZE

TES) ) o Re s 77T, Beyeler K H
THNE M Izhikevich B )24 SO T B
TR LIF $hZe e, 8 AL AR ) 5% i m] 22
PELLJZ STDP “2 21 HEN, BARAE MNIST HidlafE L
R3] T2 90%H iR m IEwh 2, (HALE Z 440
26BN 5 — U R, JRATE 2R TAE
Wt —2B b T AR B 2R & T sl 1 0 T A
[E N IE] . ARSI E AR R, JF R —L
FERH ) PR 22 70 AT LI B 20 23 S 30 4 1 I -
& R AL B,

F O AT 28 P () 0 D) 2 5t 2 Bt 98 1 B
AR BE 22 R 4% & A P SR S R 3RAT]
Z AT TAEH0S 25,26, 871, 22 ST Ehas 0Bl R
AR AFRAR) Y S . A RZRA
(1) STDP - XA A 14 41 28 70 55 22 2 W S8 14 A )
BEAE R ENLH] I NE] SNN 52 3]sk, HARM
(1) TERf 238 23 BB 25 R0 1R 38 22 g A8 4R T HISL, JE 3l
tH T SNN HARNENLHIRBARFE A, 9 SNN 1)
AR AR AL T . BRbZ AN, ARG TT
%, 1 Resume 45, PR BEA S R/IRMEM K2
N T8y B AR AR A& AL (Liquid  State
Machine, LSM) W Zg8lrtr, 4 s s MR AR = X
G380, i Y rgE

DA b3 6 77 VAR A E RS AR Rl AR 1)
ATERPEYE SR A SNN 2%, FHAE XA EFE H1IR
PAZE /53 WARAEK )/ ha - Uyl W B N W B 1 1B 1A )
2 BORT KR 2 I 28 B PEIN 285 Rk 3 s, \f
PLA I BP ZEIIALTT 122345 SNN 7 R B4 1) Pk
e, SRMIX KL SR EY R KitE, UK
PR SNINC AR AS B AT e fee 1 S5 35 B LAk Xt
AW S R B AR AN SR bR s LR RE (SR TS
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7 K H 5B TR IE SR BT« SR TTAEAR K,
Bt 52 il BB B ) AR DA R ) SR
KAl e & & o8 —, KRB — AT
B R ST

& 3 TREIZE SN RB 7 NAERERIEE LIPNER

AL L W BP TR PEfiE
MNIST:
Z JZ e = Fa STDP-like, Spike+Rate 91.6%
Y= i Y i Fa STDP, Spike+Rate 93.5%
R FCS STDP, Spike 95%
= R Z 7" 45 STDP, Spike 97.2%
% JA e FOC STDP, Spike 98.4%
=R 0] Z 7" Fa#5+STDP, Spike 98.64%
= EHimies) £ &  Meta 4G, Spike+Rate  98.69%
Z EHRE 75 &  Reward+TP, Spike+Rate  99.01%
Z E&E Vi 3 1 BP, Spike+Rate 99.1%
E2= Al & J&  {E¥+h BP Spike+tRate  99.5%
% ZE P ST-RS-BP, Spike+Rate 99.62%
Cifar-10:
=2 AN 2 B Curiosity+STDP, Spike 52.85%
— 2 F F Reward+TP, Spike+Rate  53.11%
TR W 45194 P ANN-SNN #£4, Rate 91.55%
TIDIGITS:
LSMs] P BP, Spike 92.03%
= AS % 7 Reward+TP, Spike+Rate  94.86%
SOM-SNNI8 & & SOM+BP, Spike+Rate 97.40%
— 2 £ & HHk+BP, Spike+Rate 97.5%

3.2 LUBK= Wit E a0 BARaY SNN #HR
Ty DB SR s SR RS O IR & B AR,
KRR TTIEA R IR F AL, F5Hlikmres
KT BP AN A AARST I SNN Ak, fnft
PR FEE7.981, BP 1|25 DNN J5 854k Jy SNND9, i
SNN 1] Spike P18 iz ALl 4 I i & AT ik 7 2% 1
[100-1081, ) Kz Hoes L BP 3R A3 ek S A0 e 4k

.
2

ZRWA T IR R R, Bk
7 (Spiking Neuron Unit, SNUD i Py #3452
DAL LIF (3hA TAENLS, FR 454 BP kit
Tk, EARIEZJZ SNN [ 2k S i R, AT
REMIEREA T AP & 70T B 3 3 245 BAL 3
R, WHEHERMEER R, BB TEHmA H 3

9 [EE BE R AE, £ MNIST FdfE 4 ErT Lk
P =) 99.59% K IEAA 2, [F]I SCREE SR AI5Z (4
ELARD o Fmmionl, H-F SNU SCRF BP fitfk, [Hlik
EE R RN EWEAE TERITZHNH, i
N-MNISTES], Zh&F#51E DVS-Gesture 732555
[s6]

ZREYM LSS HINE K, Lee ME T
Z ) SNN, FRFHAEY) LIF B AR, Jiid
I3 0T A 1 2 Bl AP N 25 rh R S S S e,
AR SARANE RS | [EE AR M A SR, T RIVER R
A LIF P25 BT A R R —F, R
AR ARESE R L AL AF B SR ISR 4 T
R, SRJERH BP 77 WAk, [FIFEE 2 1 &l
()73 G 21020 I 25 F5 1R X 488 AR o o) SR T
RV ACEE, AT I SNIN R 28 58K () I
EREEEGEETT . BT AEE A IE MR AR M 2% 25
4 et 2 g P KT SNIN A 73 45215, 48, 651,

BB IE 2 59 Ab—FhA Ak SNN 7772,
— %K H Van-Rossum Distance 1H5E A4S &%, 7E
BP fLAviE A b, FH 3% 22 B Ao A8 B 8 # B 1
Spike HIPLALHET, g e e AL AN AT Al o0 T 25

(% Reset 1 Spike 1), HEEALIENZASBME
e BP ) AEDIRAS, A5 /2% AT DL 2 id 3 b
BP 177 sk figplo7. 1061, H FEAIA 3| 78 i Slos B2 A1
IEff 2R _E ARSI BP AT bRAS SRR 22l R 2B AR
KBk phpp 2 25 oh, SCRRIOAE G @& BPTT

(Back Propagation Through Time) Az} 4% 44
FIREE, Sl 75 LSTM MIZE R ZE v R .

% DNN Fitse it BP JIl%k, 28 5 #4469 SNN,
Pl 24 SNN SIZEIL 77 ¥2:092 107], G e 7y
7 DNN I ZRBir Bk SR R 1 21 O B Al /) Y [
P, 1573 SNN 4k J5 11 LIF 15 2 midm] DAL T
T BRI ABh Ze 1t~ TRl N (41-0.05 1) 0.05 Z[A)),
LES Y SpliBuRS AL ESyIW )il L7 E D) a p- ATTEL 2
HIRES,  HET T S HER I 4 R 22 1103, 108]
XA 7R DRI BP A B8 s B B RR, (H2
T 2 P R 445 A0 b T-4i0F DNN S50 45 3,
PEREAH 55 -

WAL AL SR — ik ) SNN k77
5. IR RS B AL BN 4 R AL ) 5
WSS R, ZBIR. Wit B, &N R
A IR G, 221 )1 SNN TER:2URR e A &N
AR5 AT DL B #4075, 109, 1101, SR T AL B
ERIBENLIE,  PAA R A 3 AR FH B 3E  oR 00 Ak
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W £ A ARAL 77 1) 04 55 BR i), DRI AE A 2 [
FEMI LS PEREZR AR T, BRI AL BE AT AT R B
72 7512 58 2 i AR A T SR ] 75, 10l

Fik R A o 22 P 25 110212 SNIN HH 1 — 2545 31
S, EARFHERGEE (nEgGER KA
B 4R 4k 45 2 RB R N B 25, AR X iy
SEER RPN RR R EER, RUTH
T EUG AL 3 A R AR SRR R, ] DA S
W2 P AR AL PR B SR AR, WP IR, 14
GRS, XU R HABAR ORI A 2K, #AA
A4 BEASE AL A AR W I IR N 45 S 4t T T
BE I LR

Britbz oh, —EBONE ST, WAME
TCREHTBCR) Spike I ZIKELAE M 2515 B4 38,
A LLEER 7 — M e BP ALK g E.
SpikeProp41ie ik R il X £ o 4 28 70 IRk v K T
UL 38T BP (7 VERR YR ISR ZE kA AL R Y
JEHIRCERUE . AHALLIY QuickProp (L8145 p i i A
WAFBHH R, AR ME RS R T .
SR, AR 3T BP #5743 1X 28 SNN
PR 28 5 ) TR . R, T REER A K
HORTERPARGL T, ZE R AN 2277 A2 A 25 ST IR 2K
BEEE, HEM 412 T SNN (13434 % . Tempotron(t7]
F & 7ML ARG RS, @ H AR
SERRAH R /ME, SRR ABUE AL, SR
T I BP 75, {H 2 HUE TR & o8

=

Ho
3.3 SNN RYERAEHHEZR K B2 A

07 SNIN AE 2244 FH St S BLASE /N RS (1) 287
IhEEfh HAHL, FEELEMAEMARFENE .
NeuronlM161F1 NESTILT 4~ 8 F HESL 2 —, ¢
FF Python, C++%5 2 2518 5 B 1 S nT AL AL 2%,
SCFEZ ) S OARE G A 28 0 g B B 71 2 I R,
Wl LIF. H-H. Izhikevich & St% 70, s HHE
IR Z P EEBMNE. BRItz B3
FE2RRA AR, W Rk, AMPA,
NMDA. GABA %,

#5> SNN HEZE AT DASEIURE @ AR 55100 BRI
LRk ph & AT B, B T SCREZ Rt &
TORRR, B SCRFZ R R A AT ¥B 1%, 41 STDP.
STP %5, [Atn] DU X RE e s s & oo i it
FTRIEPESE ] . G Auryn[M8ISE 5 T 45 BAE M 45 34
BRI 3] . D42 Bindsneti2291,  PyNNI201 Al
Brian2[12U%%, FET Python i 5, BFHISCHF T £

Pz e ] TR E A RIS, A
Fr4r2kin MNIST. Cifar-10 25, BiE & 35 1
TIMIT 5, el B0 500 B R A6 LT 1) SO
Bt 77 (40 DvsGesturell22l | DVS-Cifar1001231 |
N-MNISTI245E), BT LS SGHACIZ . H 32851
HE% 25 GeNNUSIEET C++, X3RN
T REFEAE TR LA AL BE . Nengolt261 & —
RFREE AR E N Spike FEHAEZLE, TTLLR
TG R SEIUAT SR € U Spike AU, (EJEXS AT
IANE S 2] I SCHF LSS

B e 228 A 5% A HE SR ) R A e, A A0
() N2 AT ASE PR 9 FE BRI 2 1) 37 5,
L, X TARRE . REEFE. T IHHRGE R
A RN 50, LA NS Ry et R AR,
THEL BRI s . B EEEANE, O
KL IHIR R T BRI W 7).

H SR E R FRAGSCRRI2T,  RHIE N G 7E B Hs
AR EAMZ P& L SEIL 7 AR AR RS, W]
DA AL 25 10 4 A S iy — MR 4,
HEET SR 1024 AN AL &5 15 51 $4 i R
B RS Z ARG AT DML T S Ak B 21 S 300
NI, FEHRE K2 NGB v e (Yale Face
Database) EHIPEREPEIIH, SCHL 7 5ILA CPU
PR EON RANZARE ), BARFRIRACHAE

BEXT MR TS T ) g A2 Pk, TEHE R
2 AL T e Hl4k ) NEUTRAMS (Neural
Network Transformation, Mapping and Simulation)
RGETH, 2 TR E ML, A
A 0B R BRI SR R gS . R LR
(57 35 N AT LASEEL CMOS #2885 Fr kg g, mT L
A B SR SNN FH DNN (1945 B AR EE . vt 50
o RS R29E] I SR AL SR AL A 5 > B
FE — ARG Bk o 22 I 28 S50k, FFTE B3l 2 0
HATE EIGUE TS pE &R e, EHeEs. A
B PR A5 T BE .

FRATLAS I TrueNorth 545 %) 54 ACAMEE
. 4096 NAA%Z. 100 JiANZ IO 2.56 144
Sfyh, AT DASZILFE T SNN B  175 B Gar[s0l
SNN 7 RG34 . Neurogrid #5481 H1 %k
LA R AL N R ) B A MR E T, W
SCRF m It RETH R UMIZR LSS S B, H ATk
JEALFE EE R NS S AL B2, X LR AP E B
ORI,

WL R 5 & Z LSR5 S iR SR TH 5L,
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W& TTHER 1.2 12, RMBEE 720 12, EF
TN OB R T (29 7100 J5) IS firdAR
1, M RGEATIhEE R 7 350-500 FL, MH Ml
3G UE T & LS A IR BEFER T

[FH, /R AT R T H s # 1 Pohoiki
Beach 0% v & 4t, HHLMZ uE=1A3] 800 /7,
RAMBOEIAE] 80 12, HGr—HIELET Loihi i
Hrlt34), WP ALE s R BURRIER AT DU Sy T R HE
ER

o S AN A B ) R B 78 4 R E
PIEREILE, TEAFH K. RREFE. HATIZH.
NI 2 RS T T R IEL S, FEE), ol
RRFERHEAAL . SR SER Bhas g
LG8 I R (LT AR T R

B2 I

—_— ~ gl _
FEME B OW AT e A AL SRl A

—

4 ZREFTEBMERY SNN LT A

HETA LR T P K2 HH . il
B, IEW ARV T B A A Bk v e
Mg, BRI ERRSRIL. T RE
RMHI AL ZREEN 2E B E5%. HIX
SET7 T AT T AT B 3 BB HL (LSMD . 1%
P28 Hrd N BRUR AR U ey . R
fi 4 )AL B ) 5 MBS TR, ORAR IS
BURS RE T RE A2 2T (ln gy 2031, i rsel, g f s
8o FRZRASHLIN = BEFEAT 28 P I 2245 B g
fth, - B M) P AT 2 A SR ST A e AP S AL AR
o IRFERFRR B - AR MU E AU > B sk, fE
73 LSM & BAT 2 ST FE . INZRAXA /N I 22
FRAE TR BEAF IR 2 SR A

[REIES

T
) Z e

AT IR MR 27 >

—

JEE S (A7 10ms)

—

ANIRIAE 55 T AR OUL A B e i 1Y

@ s OFais

B 5 JE T2 RURE AT SR (A kb o 22 1 2% 22 I s R HE 1

I3 —MEAF— IR B Hopfield k%,
GBI RN AR ARG . AR
WIZRET B, ilid Hebb iEMBRAFRE R ZEEZ
AVFR) A B SRIR, X2 ST R AT LSS RO 0T E b
Hrmdiie. feiEE SONBCE AT 2 ek A
SRR, H 2 BEE IR A ME s k. £
BrE WL I A B IS RS, SRR
LB, R R IRE NS 8, ZIRPUREL N EE
Hopfield W25 ROSESH, FIJE T RE B MIZ R TR I
AR AR, FFAE R YR b 5455k 6
KR S O X 28 o IX IR A 2 T RE BT AR 4
SRBREL (U 284t ANFRAE Z AT P J5 R 280D 1)
3073 AR R4 S S a] DG B B0 1 [ B
IS R B 99 B AR

LSM Al Hopfield [%2% B8 A& PIREBCNIL ST
NTIZRERL, HRAIIRE 20 SNN RIZ54Lik
Rt TR, MR R B SELN 5%
#o Wk 5 s, ZJRATH SNN ML HIRET L= =
EHE R EE BN ERAEMIER], H AT A A

BARPUES BFR TR JaLZ MR Al m] SR A 5
2 IR ELAARAT 55 5 O K25, 26,48, 87 ) o T AN [ [ 455
BKA, FFAENZE BN Mg BN 0 R 45
B (2 EE5)1S . SBP Al ¥t E(E4E. Hirfk
W55, BRI REEREER, Wishs
JC BRI LR 2 g h e
4.1 ETFHYRERZEMR SNN ik

RO R FEE 1 DX 4% 2 e e R DLAE 2 Pl . %
fih, AP TTSE 28 1891, EoL, (5 RA AR
finh i Y-S T (R BRI AT R ANOG A, SEBE R
WG A s 320, {5 BAESil)2 TH R ZE R AL
LRI BERESE PR, 7 T3l R I H o B S ik mT S 42
K 5 fid T 9B M SN R HLER 1) sh 45 B AR AR
JG, SR e AR SRR A, KBTS
SEONARESL ) . AR K AE .
Sibx IR, (FRK RSN Ba. HE
o ARtk BAESEP R, 115 SNN ERON
RO F I B 5 230 55 U S B AL P AR
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LEEEEE Fe i B £ BRI
1 Kb ALl I
\
t SMEN I CBges. D i
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B fr B FIEH AR 1R R T ] e A1 B
i 4 4 (SBP) AL Motif) (EESAREE
g

e
7 N
anrgeatar |[ momsrmn | mmn | s
aprste) || mmrsTon || mEmm || Sesmm

PR T AR (I IR TG & AR i iy Tl ORI
WAl ¢ Wl ¥ i, e )

Bl 6 it 2 RER) )% LR AN R AT 3P ]

AP 2% B S ARAAKFE B 22 A B RS I A= 4
A ¥, STDPBU, STPE6], Reward-STDPIg3l, Dale
TR DU S5 T LA SIOM ROBE P 38 4, 3 itk R AR
FEHLN PP o B AN RAMAL i B )57 SRR, X
AR EE N A Y S e i i 2s oy iAS DRI Rh
et R . HAAICEAS [R5 5 fi mT 28 14
S OINENANTE] 6 FTos o P20 T 25 A6 AN R ik 285 4 2= [
B B 18R Bl A% B R AS 8] 1T R AR SO R I
PR TTIRPEAR AL, XLl R AR B, DR 2%
SIS R — Mgl S BORER AR ASRAE, AE
ENNYEEEE S
42 ETFNAURERTZEMR SNN L

S RBE [ 19 26 52 2 1 22 R IILAE AR % 2l »
IR Z AR, 2 MMAETTZ MM EXR,
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Background

This paper reviewed some traditional and state-of-the-art tuning
methods in Spiking Neural Networks (SNNs). The research of SNNs
covered different disciplines, including biology, computational
neuroscience, Artificial Neural Networks (ANNSs), and optimization theory.
SNN is biologically-plausible ~ and is considered the
computationally-biological effort towards the next-generation of ANN
models with brain-level intelligence. We think the multi-scale plasticity
principles founded in the natural neural networks may cooperate well with
each other during the unsupervised learning procedure of SNNs, and then
integrate well with some state-of-the-art tuning methods from ANNS in the
supervised learning procedure. The successful training of SNNs, especially
with pure biologically-plausible multi-scale principles, will give us more
hints and inspirations on how to design a smarter ANN model with more
robust adaptability, smaller energy cost, and faster learning convergence.
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